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Abstract: An important aspect of the off-grid utilization of hybrid generation systems is the integration
of energy storage facilities into their structures, which allows for improved power supply reliability.
However, this results in a significant increase in the cost of such systems. Therefore, it is justified
to use optimization resulting in the minimization of the selected economic indicator taking into
account the most important technical constraints. For this reason, this work proposes an algorithm to
optimize the structure of a hybrid off-grid power distribution system (with electrochemical energy
storage), designed to supply a load with known daily energy demand. The authors recommend
genetic algorithm utilization as well as a modified criterion for evaluating the quality of solutions
based on the Levelized Cost of Energy (LCOE) index. Several technical and economic analyses were
presented, including unit costs, power distribution of the wind and solar sections, nominal battery
capacity, SSSI index (System Self-Sufficiency Index), etc. The model of the system includes durability
of the elements which have a significant impact on the periodic battery replacement. The tests were
carried out for two types of loads and two types of electrochemical batteries (NMC—Lithium Nickel
Manganese Cobalt Oxide; and PbO2—Lead-Acid Battery), taking into account the forecast of an
increased lifetime of NMC type batteries and decreasing their price within five years. The proposed
synthesis method of photovoltaic-wind (PV-wind) hybrid off-line systems leads to limiting the energy
capacity of electrochemical storages. Based on the analyses, the authors proposed recommended
methods to improve (reduce) the value of the criterion index (LCOE) for PV-wind off-grid systems
while maintaining the assumed level of power supply reliability.




Hybrid power generation systems (HPGS) have become increasingly popular as electrical energy
generating systems [1–3]. The application of properly controlled energy storage in this type of systems
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greatly increases the probability of maintaining a continuous supply of different loads [4,5] connected
to the system nodes, and dynamic modelling of the required output, simultaneously minimizing the
cost of power generation.
Table 1 presents the comparison of various technologies used nowadays in distributed generation,
including off-grid systems in remote areas. The main disadvantage of renewable energy sources is the
strong dependence of electricity production on primary energy availability. Hybrid power generation
systems with energy storage make it possible to minimize this drawback.
Table 1. Table of strength and weakness points of various energy systems.
Energy System Strengths Weaknesses
internal combustion engines (natural gas,
biogas, petroleum, biofuels)
• low investments costs
• wide power range
• quick start




• greenhouse gases emission






• low noise emission
• heat generation
• module construction
• high investments costs
• high working temperature
• degradation
• low durability





• very high efficiency
• low environmental impact
• quick start

















In the optimization of the structure of HPGS using solar and wind energy, with energy storages
in a form of electrochemical batteries, a wide range of optimization methods is used, and the
proposed solutions are constantly being improved. Paper [6] describes an iterative method of
HPGS optimum dimensioning, used to design an independent power supply for a household in
Algeria. Some simulations, also based on iterative calculations in Matlab environment of Mathworks
company [7], were also performed for households located in three regions of Sicily. The study in
Ref. [4] was divided into two stages, using separate iterative algorithms, which was aimed to match the
power of renewable sources and to determine the storage system capacity. The method of optimizing
the dimensioning of PV-wind HPGS with batteries proposed in Ref. [5] uses an adaptive system of
neuro-fuzzy reasoning. The results of the algorithm operation were compared with analogical results
of commercial software, i.e., Hybrid Optimization Model for Electric Renewables (HOMER) and
Hybrid Optimization by Genetic Algorithms (HOGA). The authors of paper [8] used many variants
of the particle swarm optimization algorithm, e.g., an algorithm based on the repulsion factor and
an algorithm, taking into account the inertia-adaptive factor of particle mobility. The optimization
task in paper [9] was solved with the cuckoo search algorithm, devised for a design of a system
in an agricultural farm in Algeria. In Ref. [10] the firefly algorithm was employed, and the results
were compared with other algorithms using metaheuristic methods, e.g., accelerated particle swarm
optimization (APSO) algorithm or bat algorithm (BA). In Ref. [11] the process of identifying the
optimum HPGS structure was carried out based on the clonal selection algorithm. The results were
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compared with the results of a genetic algorithm operation. The non-dominated sorting genetic
algorithm II (NSGA II) was used in [12,13]. Paper [14] presents an optimization algorithm based
on teaching and learning processes. Validation was made by comparing the results obtained in
optimization with other popular algorithms—the particle swarm optimization algorithm and genetic
algorithm. To ensure optimum sizing of the system supplying a telecommunications TBS, a discrete
grey wolf optimizer algorithm was proposed in paper [15]. The authors of [16] proposed a multi-criteria
decision-making method as an alternative for optimization algorithms.
Scientists use hybrid solutions in many research projects. A combination of the following three
optimization algorithms was proposed in Ref. [17] to solve the optimization task: a random search
algorithm, harmony search optimization algorithm and simulated annealing algorithm. In Ref. [18]
the HPGS structure was optimized by using a combination of the flower pollination algorithm and
simulated annealing algorithm. The authors of the study analyzed the case of a power supply system
in a three-floor building in Teheran. In Ref. [19] the hybrid big-bang-big-crunch algorithm was used
for optimizing the structure of an independent HPGS. A simulation of the algorithm operation was
carried out for a village in Iran which was not connected to the power grid. The results were compared
with the particle swarm optimization algorithm and harmony search discrete optimization. In Ref. [20]
the hybrid algorithm optimization was applied, which is a combination of the genetic algorithm with
the swarm particle optimization algorithm.
Searching for optimal electricity supply solutions for remote areas is frequently realized with the
use of commercial software. Shezan et al., used Hybrid Optimization Model for Electric Renewables
(HOMER) to design and simulate an operation of energy systems to support a small community
considering an average load demand of 80 kWh/d with a peak load of 8.1 kW. The research
conducted for localization of offshore areas in Bangladesh [21] and Indonesia [22] shown that
PV–Wind–Biomass–Diesel HPGS with battery can reduce CO2 emission about 29.65% compared to
conventional power plants, having the per unit Cost of Energy (COE) of USD 0.431/kWh. This region
was also a subject of research in Ref. [23], where four different types of models including PV–Grid,
Wind–Grid, Wind–PV–Grid, and off-grid hybrid renewables were designed using HOMER. Additionally,
the detailed sensitivity analysis was performed, which showed that output results are more sensitive
on the variations in long-term average wind speed and solar irradiance, nominal discount rate, and the
lifetime of wind turbines than the other inputs. In Ref. [24], the simulation results from HOMER was
validated by using Photovoltaic System Tools (PVSYST) renewable energy platform.
The HPGS structure is usually optimized through economic minimization at a simultaneous
high-reliability level. The objective function is defined with several economic indicators. The most
common ones include: power generation costs [6,10,12,15], total annual cost [7,8,17,25], total current
cost [19,20], total system cost [13,26], total lifecycle cost [27,28], total investment cost [29] and the
payback period [19]. The pre-determined reliability level is usually ensured by assuming some
limitations in the algorithm. Similarly to the objective function, the limitations can be expressed
with many reliability indicators, such as LPSP (loss of power supply probability) [5,11–13,15,18,20,27],
ENS (energy not supplied) [19], GPAP (grid power absorption probability) [9], LDR (load dissatisfaction
rate) [10] and LOLP (loss of load probability) [7]. The algorithm limitations in Ref. [29] assumed that the
annual power generation of a system should cover or exceed the load energy, having taken into account
the system capacity. In addition to assuring the reliability of the generating system, the authors add
other constraints to their algorithms, e.g., the minimum and maximum battery charging level [12,17].
In order to avoid the system oversizing, the EEG (excess energy generation) index was defined in
Ref. [15]. A popular solution is to include Diesel generators in the optimized structure of PV-wind
HGPS [16,25,26]. In the reference case, the authors also take into consideration the environmental
constraints related to fuel consumption and CO2 emission.
Researchers often do not define the type of energy storage used in their work or do so rarely.
Contrary to previous similar studies, the lithium-ion battery model in Ref. [30] takes into account the
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capacity loss and temperature changes. Furthermore, on-shore and off-shore wind turbines were treated
separately for optimization purposes. A case study was conducted for Jeju Island in South Korea.
Interesting and thematically related publications are [31,32]. In Ref. [31], the authors focused on
the generational modelling method for an on-grid hybrid system based on System C-AMS. This allowed
for considerable shortening of simulation time in comparison to the model developed in MATLAB
Simulink environment. As the authors claim, up to several hundred times acceleration is possible
to obtain, depending on analysis step time. In Ref. [32], the authors considered the technical and
economic aspects of two hybrid systems, including the energy storage system and electric vehicle.
The simulations were conducted for many variants of HPGS, moreover, economic indicators were
calculated for various locations and HPGS configurations. Based on the set of obtained solutions,
the optimal structures of HPGS with energy storage were determined, from the point of view of
selected indicators.
Table 2 summarizes the abovementioned publications in terms of optimization algorithms utilized,
as well as the constraints.























































Iterative methods [7] [4,6]
Particle swarm optimisation [10] [8,26,29]
Cuckoo search algorithm [9]
Firefly algorithm [10]
Bat algorithm [10]
Clonal selection algorithm [11]
Discrete grey wolf algorithm [15] [15]
Adaptive system of neuro-fuzzy reasoning [5]
Genetic algorithm [11]
NSGA II [12,13] [12]
Hybrid algorithms [18,20] [19] [17] [17]
Other algorithms [25] [25]
Commercial software [5] [21–24] [21–24]
Multi-criteria decision-making methods [16] [16]
1.2. Problem Description
Taking into consideration the literature review presented above, the authors of this paper proposed
an optimization algorithm of an off-grid hybrid power supply system (with electrochemical energy
storage), intended to supply a load with known daily load characteristics. The quality of the proposed
solutions can be evaluated based on the energy unit cost for the power generated in the system and
used to supply the facility. This approach introduced an automatic reduction in the power generation
system and storage capacity, with regard to the analyzed economic aspects of the solution. The energy
transferred to the heaters (momentary excess energy) is also taken into account, whereby some of the
emitted heat can be used by industrial loads for their processes and by communal loads for heating
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purposes. The basic assumed constraint is the maximum load working time over a year period at the
supplied power below the assumed load curve (the issues of load supply reliability).
Based on the developed model of a hybrid system and the algorithms of its operation and
optimization, the authors presented many results of engineering and economic analyses, including the
unit cost of electrical energy generation in the studied power supply system type. In the process of
reviewing the literature on electrochemical batteries, research was initially considered using many
different types of batteries such as lead–acid, nickel–cadmium, nickel–metal hydride, nickel–zinc,
silver–zinc, lithium–iron-phosphate and lithium–nickel–manganese–cobalt–oxide. However, in order
to limit the volume of research and due to the predominant popularity of two types of cells in electricity
solutions, the studies were conducted for two types of batteries: deep cycle lead–acid batteries and
NMC (lithium–nickel–manganese–cobalt–oxide) batteries. The lifespan aspect significantly affects the
periodical battery pack replacement. The forecasted increase in the NMC battery lifespan and the
expected reduction in the prices of batteries over a five years perspective was taken into account in
the storage model. The modelling of electrochemical storages includes elements, which increase the
detail rate in reference to the conducted studies. Development of several variants for five values of the
maximum annual time in which the power demand exceeds the total energy generated and supplied
from the storage is an important aspect of the presented studies. Analyses are also performed for
two annual load characteristics—communal and industrial end-users and variants with and without
the power generation capacity limitation. The literature review revealed that the previous studies
were limited to one value of the reliability index (one constraint variant), that the applied models did
not include the lifespan of the electrochemical storages so accurately and the forecasts related to the
change in the battery parameters and costs were not taken into consideration.
The paper is structured as follows: Section 2 describes the structure and operation of the hybrid
power supply system with electrochemical storage. Section 3 includes a model of the analyzed system.
Section 4 describes the power analysis algorithm and the energy storage charging level and presents
the measurement data of the wind speed and irradiance used in the calculations. Section 5 covers the
optimization algorithm of the analyzed system. Section 6 discusses the results. The paper ends with
a summary.
2. Hybrid Power System with Electrochemical Energy Storage
PV-wind hybrid systems have been successfully used to supply loads with known 24 h load
characteristics. The power generation characteristics of the wind and PV part in such systems are
complementary, which enables better matching of the generation profile to the load profile against
the wind or solar source [1–3]. The purpose of full matching of the profiles is to use energy storages,
which are nowadays mainly electrochemical type, intended for deep discharge (the discharge depth
up to 80%). Until recently, lead-acid batteries were mainly recommended, but the characteristics and
declining prices of lithium-ion batteries contribute to their increasing popularity in the analysed group
of systems [33–37].
The paper analyses a PV-wind system with the rated power Pn = PWT + PPV, where: PWT—the rated
power of the wind turbines; PPV—the rated power of the photovoltaic modules, working off-line with
the energy storage, intended for supplying small industrial loads (variant A) and communal loads
(variant B). Figure 1 shows the profiles of relative load (P/Pmax, where P—active power of the load at
time tPmax—maximum load value in the year 2014) of industrial facilities (Figure 1a) and communal
facilities (Figure 1b) considering the lowest (red)—2 June 2014—and the highest (blue)—16 February
2014—energy demand in 2014). Figure 2 shows the above-mentioned data as an annual load map with
a 15 min time step.
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which is taken into account in the reliability parameter of electrical energy delivery to the load—total
time of the guaranteed load supply shortage in a year Tsum (h).Energies 2020, 13, x FOR PEER REVIEW 7 of 31 
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where: v1, v2—wind speed from the wind turbine power discrete characteristics, where the wind speed
(vw ∈ <v1;v2>) falls in between, Pv1 and Pv2—wind turbine power values corresponding to wind speed
v1 and v2 read from the wind turbine power discrete characteristics, vwn—wind speed which enables
reaching the wind turbine rated power PWTn.
Figure 4 presents a graphical interpretation of the parameters used in Relation (1) and determining
method for PWT wind turbine power output for vw value.
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diode, N1; N2—coefficients of quality of the first and second diode; Rs—series resistance; Rp—parallel
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Based on paper [40] temperature T of the PV module temperature was determined taking into
account ambient temperature Ta (obtained from the public data of the Institute of Meteorology of
Water Management) and the measurements of wind speed vw synchronized with the measured values
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flat roof, ω = 1.8—on a sloped roof).
The PV module is modelled by solving a system of Equatio s (2) and (3) with Newton’s
method, ado ting the para eters from the available database and taking into consideration the PV
module surface temperature—Relationship (4). The calculations are carried out prior to initiating the
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optimization temperature, and their result includes the group of current and voltage characteristics
for the PV module surface temperature in the range between −30 ◦C to 70 ◦C (with a 2 ◦C step),
and irradiance between 50 W/m2 and 1500 W/m2 (with a step of 50 W/m2). On that basis, Pmax = f (T, Gr)
surface is calculated, which helps to identify—by means of approximation—the Maximum Power
Point (MPP) for specific environmental conditions and also constitutes an MPP tracker system model.
3.3. Model of an Electrochemical Cell
A peripheral model of electrochemical cells used in the paper, which reflects the chemical
phenomena occurring in the cell, is shown in Figure 5.
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where: im—current flowing through the main branch; C(0,T)—no-load battery capacity at temperature T;
C(Iavg,T)—battery capacity referred to the average discharge or charge current Iavg at set temperature T.
The same equivalent diagram was used for the lithium-ion cell; the values of the elements are
usually presented in tables, similarly to the characteristics below (developed and described by the
authors in paper) [41]—Figure 6.













where: im—current flowing through the main branch; C(0,T)—no-load battery capacity at temperature 
T; C(Iavg,T) battery capacity referred to the average discharge r charge current Iavg at set temperature 
T. 
  i l  i      li i i  ll;  l    l   
ll   i  l , i il l    i i  l  l   i    






Figure 6. Relationships between: C1 (a), R1 (b), Em (c), R0 (d) of equivalent circuit parameters and SOC. 
The conditions of electrochemical storage operation, i.e., temperature, discharge depth, and the 
charge and discharge current (power) values greatly affect the actual lifespan of the storage [42]. That 
is why the following aspect was taken into consideration in the applied model. It was assumed that 
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The battery lifespan in lithium-ion batteries was determined based on the empirical relationship:







where: 3000—number of battery cycles under the rated charge and discharge conditions.
The number of battery operation cycles was determined on the basis of the analysis of the charge
throughput [43]. This is a popular method used when analyzing the wear process of electrochemical
energy storage facilities. It is often used also during the analysis of operation of hybrid energy systems
cooperating with energy storages, with the difference that usually a long averaging time results in
ignoring short-term current (or power) peaks. Meanwhile, the use of a 37 s averaging period in this
work contributes to increase the accuracy of the analysis, which distinguishes the work in comparison
with other studies of similar nature.
3.4. Model of Inverter
In the issues analyzed in the article, a simplified model of the inverter was used, taking into account
only the change of its capacity change ηINV in the function of relative output power ηINV = f (PINV/PnINV),
where PINV—momentary power of the inverter; PnINV—rated power of the inverter [44]. An exponential
function was used for this purpose:
η = 1− ae−b
POUT
Pn , (15)
with values of coefficients a and b determined in MATLAB environment using non-linear regression
function. Figure 7 shows a changes in inverter efficiency (ηINV = f (PINV/PnINV)) used in the analyses in
the article for parameters: a = 98.3 and b = 0.03 corresponding to the average characteristics of many
different types of inverters.
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3.5. Model of BMS
Battery Management System (BMS) algorithm—depending on the battery type (lead–acid or
lithium-ion)—an algorithm was used which maintains the battery state of charge (SOC) in the ranges
between the minimum value (SOCmin) and the maximum value (SOCmax), respectively: SOCPb ∈ <0.4;1>,
SOCLi ∈ <0.2;0.9>. The working scopes of the cells result from effective use of the available
storage capacity and its long lifespan. Many studies were conducted in the reference period [45,46],
which confirmed the discharge depth influence on the electrochemical cell degradation. The Battery
Management System algorithm additionally assumes that the current value of 0.5 C will not be exceeded
for a long time in lead-acid batteries, while for a lithium-ion battery this value will amount to 2 C.
Moreover, during modelling it was assumed that all the cells are identical and the system does not
require balancing the voltage on the cells (the voltage on the cells is equal). It was also assumed that for
the given current limitations, the temperature of the cells will not exceed the limit conditions (there is
no need to limit the power of the cells for thermal reasons).
4. SOC and Power Analysis Algorithms for the Applied Measurement Data
4.1. Measurement Data
The wind speed vw and irradiance Gr measurement data used in the calculations have a form of
discrete data sets, where every sample is an averaged value from the period ∆t = 37 s. The N number
of samples for one-year amounts to over 852,000. An important advantage of the measurements is that
the averaging period used in the paper is short as compared to the periods used normally in renewable
power engineering, ranging from a few to 10 min. Figure 8a,b show the profiles of wind speed and
irradiance changes for the analyzed geographical location (south–eastern Poland) and the year 2014.
The data were made available by the courtesy of prof. Krzysztof Markowicz from the Institute of
Geophysics, University of Warsaw.
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4.2. Computation Algorithm
According to the description above, the i-th sample stands for the wind speed and irradiance at
t = i ∆t for i = 0, 1, 2, . . . N−1. The calculations of power in the system shown in Figure 3, state of
charge of the storage and the energy in the storage are made in sequence for subsequent samples of
wind speed v(i)w and irradiance G
(i)
r as well as P
(i)
LOAD.
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The power generated in the system for the i-th sample P(i)G is the sum of the wind turbine part
P(i)WT and photovoltaic part P
(i)











































where: j and k—indices of the wind turbine and PV module number, respectively—while power P(i)WT
and P(i)PV is determined based on Relationships (1)–(3), respectively.
The difference between the required demand (P(i)LOAD) and the generated power (P
(i)
G ) marked as
∆P(i) for the i-th sample:
∆P(i) = P(i)G −P
(i)
LOAD (19)
can have a negative, a positive or zero value.
The storage charging and discharging process is analyzed, which is always stopped when the
battery reaches the state of charge of SOCmax and SOCmin respectively. The excess power which cannot
be delivered to the storage is fed to the heaters and treated as power losses PLOSSES. PLOSS power
can be used to generate process heat—an industrial load, heating for buildings—communal load,
or transferred to thermoelectric energy storage.
For ∆P(i) > 0 (excess power) two states of the system are analyzed:
(a) SOC(i) < SOCmax, then:











where: PESmax—maximum power of energy storage; P
(i)
LOSS—power fed to the heaters for the i-th
sample, AES(i); AES(i−1)—energy stored in the storage for sample i and i−1, respectively; ηES—energy
storage charging and discharging capacity.






ES − ∆tPESLOSS, (25)
where: PESLOSS—the power of energy storage idle losses (kW/h), corresponding to self-discharge.
For ∆P(i) < 0 (power shortage) two states of the system are analyzed:
(c) SOC(i) > SOCmin and then:
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P(i)ES = max{−PESmax, ∆P
(i)
} (26)







(d) SOC(i) ≤ SOCmin and then:




ES − ∆tPESLOSS. (31)
5. Optimisation of the Structure of PV-Wind Hybrid Power Supply System with Energy Storage,
Implementation of the IT Environment
5.1. Goal, Objective, and Constraints of the Optimisation
The optimizing purpose of the analyzed off-grid PV-wind power supply system with
electrochemical energy storage, intended for supplying loads with known 24 h load characteristics
(Figures 1 and 2) is to determine its structure (the power of the wind turbine part PWTn and photovoltaic
part PPVn, types of turbines and PV modules, energy capacity AME of battery packs and the maximum
charge and discharge power PEsmax of the storage) which will guarantee a reduction in the generated
electrical energy unit cost to the minimum [39,47–49], simultaneously maintaining the assumed
reliability level of the load supply. The power supply reliability level is meant as the maximum time
TsumLIMIT, in a one-year period, of delivering power to the load below the load value PG + PES < PLOAD.
A criteria function in a form of the unit cost of energy generation in a power generation plant,
identified with a linearized cost method (LCOE), was used to evaluate the solution quality in the
optimization process. LCOE is a widely used indicator used to compare unit costs of electricity
generation by renewable sources. LCOE is applicable in many currently popular power sources such
as: PV [50,51], wind farms [52,53], hybrid and other renewable energy technologies [34,49,50]. In the
LCOE method the following investment and operating costs over time are taken into consideration










where: LCOE—averaged unit cost of energy generation in a life cycle (€/kWh); y—index of the year;
I(y)—investment expenditure in year y (€); M(y)—operating and financial expenditure in year y (€);
A(y)—energy generation in year y (kWh); r—discount rate (%).
In the case of the system analyzed in the paper, taking into consideration the energy fed to
the heaters, and dividing Relationship (32) into the parts related to the investment and operating
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where: NI—number of investment implementation years (in the analyzed case the investment is
completed in year “zero”); NM—number of the years of the system operation (system lifespan);
IPV, ITW—unit investment expenditure for the PV and wind part, respectively; IES—unit investment
expenditure for the energy storage, MPV(y); MWT(y)—unit operating costs for the PV and wind part,
respectively, in the year y (€/kW); MWT(y)—unit operating cost of the energy storage in the year
y (€/kWh); AG(y)—quantity of energy generated in the hybrid system in the year y; AH(y)—the quantity
of energy converted into heat in the year y; AHU(y)—the quantity of energy used in the year y in
heat-related processes.
The investment and operating costs of the system are determined based on units costs of the
PV and wind part and the energy storages [39], and their value is directly affected by the hybrid
system parameters.
With regard to the system operation in the off-grid mode, only the energy generated in the system
and used for supplying the load (including supply through the electrochemical storage) is used to
determine the value of the LCOE index. Hence the energy generated in AG system is in Formula (32)
reduced by the energy fed to heating components AH. Furthermore, the energy which was converted
to heat and used for heating or in processes was taken into consideration in the objective function (33).
According to the above, a solution to a non-linear minimization task with the following general
form is to be found:
minx LCOE(x), (34)
with a set of inequality constraints expressed as:
g(x) ≤ 0, (35)
where: x—vector of decisive variables with the following components; x1—type of wind turbine (TWT);
x2—number of wind turbines (NWT); x3—type of PV modules (TPV); x4—number of PV modules
(NPV); x5—energy storage capacity AESn; x6—storage maximum charge and discharge power PESmax;
g—vector of inequality constraints of a structural and functional character.
The first four decisive variables affect the installed power of the system, generation curve and the
quantity of electrical energy generated in a year. The fifth one affects the system ability to compensate
for shortages of energy from the wind and PV part with the energy from the storage, while the sixth
one determines the battery pack charging and discharging rate.
A normalized set of the assumed inequality constraints g(x) ≤ 0 includes, depending on the
implemented algorithm version:
(a) time of delivering the power below the required power to the load:
Tsum
TsumLIMIT
−1 ≤ 0, (36)
where: Tsum—total (annual) time of delivering power below the required power to the load;
TsumLIMIT—acceptable (limit) annual time of delivering the power below the required power to
the load,
(b) acceptable storage working power related to maintaining its high lifespan:
PESSmax
PESSLIMIT
−1 ≤ 0, (37)
where: PESSmax—maximum charge and discharge power of the energy storage during the
storage operation; PESSLIMIT—acceptable (limit) charge and discharge power for a specific type
of electrochemical storage,
(c) rated power of the system related to the generation of high amounts of energy fed to the heaters:
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PWTn+PPVn
PLIMIT
− 1 ≤ 0, (38)
where: PWTn—rated power of the wind part, PPVn—rated power of the PV part; PLIMIT—acceptable
(limit) rated power of a PV-wind type power generation system.
Furthermore, a modified version of SSSI (system self-sufficiency index) [54] described with the






where: T—analysis period (which is T = 8760 h for the analyzed system).
In the applied version, the SSSI can take the value equal to 1 when balancing the generated and
required energy, lower than 1 when the quantity of energy generated in the hybrid system is lower
than the quantity of the required energy, and greater than 1 when the quantity of energy generated in
the hybrid system is greater than the quantity of the required energy demand (excess energy is fed to
the heaters).
5.2. Characteristics of the Optimisation Method Used
A modified genetic algorithm method implemented in the Matlab environment was used for
the optimization task described with Relationships (33)–(38). The decisive variables included in the
vector are of integer nature, and that is why the double vector method of encoding the variables is
used. Moreover, the identification of such variables in the Matlab environment leads to an automatic
application of the Laplace crossover method. A tournament selection was used, and reproduction
was enriched with elitism, whereby the best individual from the current generation is moved to the
next generation. The objective function scaling depending on the individual’s rank was additionally
used in the algorithm, where the value of the adaptation function is inversely proportional to the
individual’s rank square root. Non-linear constraints described by Relationships (35)–(38) were taken
into consideration using the Augmented Lagrangian Genetic Algorithm [55–57].
Basic parameters of the algorithm, i.e., population size and the number of iterations
(number of generations) were determined experimentally, based on the observation of the best
individual’s adaptation function correlation in the function of the iteration number (generation).
Furthermore, on-line effectiveness χ (mean value of the adaptation of the best individuals from all
previous generations, including the current one, in the function of the iteration number) for the test
tasks with a structure complying with the type of the hybrid systems was analyzed in the paper.
Figure 9a shows a change in the best individual’s adaptation function value, while Figure 9b shows a
diagram of on-line effectiveness in the function of the iteration number (generation) for the test tasks.
Determination of the adaptation function value related to the objective Function (33)
requires analyzing a hybrid system’s operation in a year’s period and identification—based on
the power profiles—of the storage state of charge and load characteristics, the quantity of energy
generated in the system and used to supply the analyzed type of load. The presented analyses are
conducted using the algorithm described in Section 4—Relationships from (16) to (31). The time
necessary to determine the profiles for one system configuration and one-year period, for the applied
measurement data, in several seconds. Taking into consideration the additional components of the
genetic algorithm, it generates about 8 h of the optimization time of a hybrid system single structure,
when the following computer configuration is used; Core i7-950 processor and 16 GB RAM. The studies
are time-consuming, and the determination of the configuration and genetic algorithm parameters
used in the studies required conducting of the aforementioned tests.
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6. Results of the Optimization Calculation
Optimization of the hybrid power supply structure described in Section 2 (Figure 3) was performed
using software implemented in Matlab and Microsoft Visual Studio, with a view to minimizing the
unit cost of energy generated in the system and used to supply the assumed load type. Solutions
were determined for the applied database of wind turbines and PV modules; the solutions mini ize
the objective Function (33) and fulfil the assumed constraints—Relationships (35)–(38)—based on
the genetic algorithm described in Section 5. The quantity of energy generated in the system was
calculated using the system model shown in Section 3 and its operation algorithm given in Section 4.
Figure 10 shows diagrams of the developed IT system and the applied optimization using the genetic
algorithm method.
The optimizing calculations were performed for:
• a load with a 50 kW r ted power,
• two load profiles: a small industrial load and a communal load (Figures 1 and 2),
• two types of electrochemical batteries: lead-acid (deep cycle) and lithium-ion (NMC type),
• a variant with no power limit in the power generation system and with its power limitation to
200 kW,
• expected increase in the NMC type battery lifespan from 3000 to 5000 cycles and 20% reduction
in their price over a five-year perspective, taking into consideration five limit values of the
maximum working time of the load a year with the supplied power below the assumed load curve:
TsumLIMIT = 86.7 h; 175.2 h; 262.8 h; 350.4 h and 438 h, which correspond to TsumLIMIT% = 1%, 2%,
3%, 4% and 5% of the number of hours a year (8760 h).
Additionally, for the NMC lithium-ion battery type a unit cost was calculated of generating
the energy used for supplying the analyzed load types, when 10%, 20%, 30%, 40% and 50% of the
energy emitted on the heaters is used for heating (communal load) or in technological processes
(industrial profile).
The following investment and operation unit costs were assumed for the studied battery
types: IESPb = IESLi-Ion = 533.3 €/kWh and MES = 22.2 €/kWh. The investment cost in this case also
includes control and supervision systems. Additional studies were also performed for the investment
cost level of lithium-ion batteries in a five years’ perspective for 80% value of the current prices,
i.e., IESLi-Ion = 426.7 €/kWh, with increasing their lifespan from 3000 to 5000 cycles. The operation
costs for electrochemical energy storages were assumed as MES = 22.2 €/kW. The mean adopted unit
costs of investment and annual operation costs for the PV modules and wind turbines, which also
included extra systems for each part, amounted to: IPV = 1359 €/kW, IWT = 1571 €/kW, MPV = 25.3 €/kW
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and MWT = 11.1 €/kW, respectively. The value of the price function is determined for the system life
NM = 25 years and the discount rate r = 5%.
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Figure 10. Block diagram: (a) developed IT system; (b) optimization algorithm using the genetic
algorithm method.
The technical parameters used in battery calculations, including the lifespan models, are given in
Section 3 of the paper.
Tables 3–10 list the results of the optimization calculations for the analyzed hybrid system structure,
according to the variants presented above. Tables 3 and 4 show the results of the optimization of the
structure of the solar-wind hybrid power supply system for lead-acid and lithium-ion storage systems
respectively for the communal and industrial type load with a peak capacity of 50 kW without the
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limitation of the power rating of the Pn generation system. Tables 5 and 6 lists the results of a PV-wind
type power supply hybrid structure optimization for lead-acid and lithium-ion batteries, determined
both for a communal and individual load with a 50 kW peak power, with the rated power of the power
generation system Pn limited to 200 kW. Tables 7 and 8 show the comparison of the PV-wind hybrid
power supply system for a lithium-ion battery with the current and future (five year perspective)
parameters and prices for a communal and industrial load with a 50 kW peak power and with no limit
in the power generation system rated power Pn, respectively. Tables 9 and 10 contain the specifications
of the studies on the change in the unit costs of energy generation in optimized hybrid systems, for an
industrial and communal profile, respectively, in the function of the percentage of energy consumption
fed to the heaters for processes or facility heating. Below the tables, the changes in the most important
parameters are listed (LCOE, the energy capacity of energy storage AES and rated power of the system)
in the function of time PsumLIMIT%.
Table 3. Results of PV-wind hybrid power supply system structure optimization (lead-acid and
lithium-ion battery) for a 50 kW peak power of a communal load with no limit for the power generation
system rated power Pn (for: IESPb = IESLi-Ion = 533.3 €/kWh, MES = 22.2 €/kWh, IESLi-Ion = 426.7 €/kWh,
MES = 22.2 €/kW, IPV = 1359 €/kW, ITW = 1571 €/kW, MPV = 25.3 €/kW, MWT = 11.1 €/kW, NM = 25 years,
r = 5%).
Parameter and Unit
Acceptable Duration of Power Outage a Year TsumLIMIT (h) (%)
438.0 (5) 350.4 (4) 262.8 (3) 175.2 (2) 87.6 (1)
Electrochemical Storage Type
Pb Li-Ion Pb Li-Ion Pb Li-Ion >Pb Li-Ion Pb Li-Ion
LCOE (€/kWh) 0.44 0.35 0.48 0.47 0.56 0.52 0.68 0.54 1.13 0.81
PWT (kW) 260.0 190.00 280.0 210.0 270.0 270.0 380.0 240.0 390.0 310.0
PWT% (%) 76.7 80.6 76.0 66.1 69.2 74.5 73.3 69.3 66.0 74.1
PPV (kW) 79.2 45.6 88.3 107.6 120.2 92.6 120.2 106.4 201.3 108.6
PPV% (%) 23.3 19.4 24.0 33.9 30.8 25.6 26.7 30.7 34.0 25.9
Pn (kW) 339.2 235.6 368.3 317.6 390.2 362.6 500.2 346.4 591.3 418.6
Energy capacity ke (kWh/kW) 2712.6 2823.0 2705.0 2164.7 2482.1 2707.7 2569.0 2570.8 2497.9 2674.8
Total generated power AG (MWh) 920.1 665.1 996.4 687.5 968.5 981.8 1285.1 890.5 1477.0 1119.7
Energy fed to heaters AH (MWh) 742.0 485.0 817.0 507.0 788.0 800.0 1010.0 707.0 1290.0 934.0
Required energy ALOAD (MWh) 186.3
SSSI (–) 4.94 3.57 5.35 3.69 5.20 5.27 6.90 4.78 7.93 6.01
Total duration of power outages a year Tsum (h) 435.7 437.0 349.6 348.9 262.2 253.3 174.0 165.9 87.5 86.4
AME (kWh) 40 120 50 160 90 180 110 230 270 460
Table 4. Results of PV-wind hybrid power supply system structure optimization (lead-acid and
lithium-ion battery) for a 50 kW peak power of an industrial communal load with no limit for the
power generation system rated power Pn (for: IESPb = IESLi-Ion = 533.3 €/kWh, MES = 22.2 €/kWh,
IESLi-Ion = 426.7 €/kWh, MES = 22.2 €/kW, IPV = 1359 €/kW, ITW = 1571 €/kW, MPV = 25.3 €/kW,
MWT = 11.1 €/kW, NM = 25 years, r = 5%).
Parameter and Unit
Acceptable Duration of Power Outage a Year TsumLIMIT (h) (%)
438.0 (5) 350.4 (4) 262.8 (3) 175.2 (2) 87.6 (1)
Electrochemical Storage Type
Pb Li-Ion Pb Li-Ion Pb Li-Ion Pb Li-Ion Pb Li-Ion
LCOE (€/kWh) 0.42 0.35 0.49 0.39 0.53 0.43 0.66 0.53 1.00 0.69
PWT (kW) 270.0 240.0 360.0 250.0 330.0 240.0 420.0 310.0 420.0 260.0
PWT% (%) 72.4 79.6 84.2 76.6 70.6 65.7 73.1 67.2 66.2 52.2
PPV (kW) 102.8 61.4 67.5 76.2 137.6 125.3 154.4 151.1 214.8 238.2
PPV% (%) 27.6 20.4 15.8 23.4 29.4 34.3 26.9 32.8 33.8 47.8
Pn (kW) 372.8 301.4 427.5 326.2 467.6 365.3 574.4 461.1 634.8 498.2
Energy capacity ke (kWh/kW) 2629.3 2787.7 2889.4 2716.7 2592.4 2500.1 2685.2 2529.2 2505.5 2223.4
Total generated power AG (MWh) 980.2 840.2 1235.2 886.2 1212.2 913.3 1542.4 1166.2 1590.5 1107.1
Energy fed to heaters AH (MWh) 778.0 639.0 1030 683.0 1000.0 709.0 1340.0 960.0 1383.0 899.0
Required energy ALOAD (MWh) 209.0
SSSI (–) 4.69 4.02 5.91 4.24 5.80 4.37 7.38 5.58 7.61 5.30
Total duration of power outages a year Tsum (h) 437.6 437.2 350.2 349.9 262.5 261.1 172.1 174.9 87.2 87.3
AME (kWh) 40 90 50 110 60 130 140 150 240 330
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Table 5. Results of PV-wind hybrid power supply system structure optimization (lead–acid and
lithium-ion battery) for a 50 kW peak power of a communal load with the power generation
system rated power Pn limited to 200 kW (for: IESPb = IESLi-Ion = 533.3 €/kWh, MES = 22.2 €/kWh,
IESLi-Ion = 426.7 €/kWh, MES = 22.2 €/kW, IPV = 1359 €/kW, ITW = 1571 €/kW, MPV = 25.3 €/kW,
MWT = 11.1 €/kW, NM = 25 years, r = 5%).
Parameter and Unit
Acceptable Duration of Power Outage a Year TsumLIMIT (h) (%)
438.0 (5) 350.4 (4) 262.8 (3) 175.2 (2) 87.6 (1)
Electrochemical Storage Type
Pb Li-Ion Pb Li-Ion Pb Li-Ion Pb Li-Ion Pb Li-Ion
LCOE (€/kWh) 0.69 0.38 0.86 0.46 1.24 0.61 1.75 0.85 3.24 1.71
PWT (kW) 160.0 140.0 150.0 160.0 130.0 140.0 170.0 170.0 130.0 150.0
PWT% (%) 80.8 70.7 75.2 80.7 66.9 70.4 86.6 66.0 65.5 75.6
PPV (kW) 38.0 58.0 49.6 38.2 64.3 58.9 26.3 26.7 68.4 48.3
PPV% (%) 19.2 29.3 24.8 19.3 33.1 29.6 23.4 24.0 34.5 24.4
Pn (kW) 198.0 198.0 199.6 198.2 194.3 198.9 196.3 196.7 198.4 198.3
Energy capacity ke (kWh/kW) 2747.5 2606.6 2669.4 2801.1 2502.5 2575.8 2894.6 2888.6 2469.8 2658.7
Total generated power AG (MWh) 544.0 516.1 532.8 555.2 486.2 512.3 568.2 568.2 490.0 527.2
Energy fed to heaters AH (MWh) 364.0 337.0 351.0 374.0 305.0 331.0 385.0 386.0 305.0 343.0
Required energy ALOAD (MWh) 186.3
SSSI (–) 2.92 2.77 2.86 2.98 2.61 2.75 3.05 3.05 2.63 2.83
Total duration of power outages a year Tsum (h) 429.7 431.9 348.6 349.4 260.5 260.5 174.8 174,4 87.4 86.1
AME (kWh) 260 200 310 240 500 470 750 750 1490 1770
Table 6. Results of PV-wind hybrid power supply system structure optimization (lead–acid and
lithium-ion battery) for a 50 kW peak power of an industrial load with the power generation
system rated power Pn limited to 200 kW (for: IESPb = IESLi-Ion = 533.3 €/kWh, MES = 22.2 €/kWh,
IESLi-Ion = 426.7 €/kWh, MES = 22.2 €/kW, IPV = 1359 €/kW, ITW = 1571 €/kW, MPV = 25.3 €/kW,
MWT = 11.1 €/kW, NM = 25 years, r = 5%).
Parameter and Unit
Acceptable Duration of Power Outage a Year TsumLIMIT (h) (%)
438.0 (5) 350.4 (4) 262.8 (3) 175.2 (2) 87.6 (1)
Electrochemical Storage Type
Pb Li-Ion Pb Li-Ion Pb Li-Ion Pb Li-Ion Pb Li-Ion
LCOE (€/kWh) 0.99 0.47 1.20 0.56 1.45 0.76 2.20 0.97 3.42 1.54
PWT (kW) 170.0 170.0 170.0 170.0 170.0 190.0 180.0 170.0 170.0 190.0
PWT% (%) 85.1 85.7 87.4 87.4 85.5 95.3 91.7 86.2 85.3 95.5
PPV (kW) 29.8 28.3 24.4 29.4 28.8 9.3 16.3 27.2 29.3 9.0
PPV% (%) 14.9 14.3 12.6 12.6 14.5 4.7 8.3 13.8 14.7 4.5
Pn (kW) 199.8 198.3 194.4 194.4 198.8 199.3 196.3 197.2 199.3 199.0
Energy capacity ke (kWh/kW) 2709.3 2898.4 2913.5 2967.3 2891.1 2831.4 2991.8 2904.0 2862.9 2741.2
Total generated power AG (MWh) 541.3 574.8 566.4 576.8 574.8 564.3 587.3 572.7 570.6 545.5
Energy fed to heaters AH (MWh) 341.0 374.0 364.0 374.0 370.0 408.0 383.0 366.0 364.0 402.0
Required energy ALOAD (MWh) 209.0
SSSI (–) 2.59 2.75 2.71 276 2.75 2.70 2.81 2.74 2.73 2.61
Total duration of power outages a year Tsum (h) 430.4 437.4 341.2 348.1 262.4 261.2 172.6 173.3 87.6 87.1
AME (kWh) 430 350 540 470 670 720 1100 1010 1760 1820
Table 7. Comparison of the results of PV-wind hybrid power supply system structure optimization
for lead-acid storage with the current and future (*—five years perspective) prices and parameters
for a 50 kW peak power communal load with no limit for the power generation system rated power
Pn (for: IESPb = IESLi-Ion = 533.3 €/kWh, MES = 22.2 €/kWh, IESLi-Ion = 426.7 €/kWh, MES = 22.2 €/kW,
IPV = 1359 €/kW, ITW = 1571 €/kW, MPV = 25.3 €/kW, MWT = 11.1 €/kW, NM = 25 years, r = 5%).
Parameter and Unit
Acceptable Duration of Power Outage a Year TsumLIMIT (h) (%)
438.0 (5) 350.4 (4) 262.8 (3) 175.2 (2) 87.6 (1)
Type of Electrochemical Storage
Li-Ion Li-Ion * Li-Ion Li-Ion * Li-Ion Li-Ion * Li-Ion Li-Ion * Li-Ion Li-Ion *
LCOE (€/kWh) 0.35 0.33 0.47 0.35 0.52 0.40 0.54 0.48 0.81 0.70
PWT (kW) 190.00 180.0 210.0 200.0 270.0 200.0 240.0 220.0 310.0 250.0
PWT% (%) 80.6 83.3 66.1 84.7 74.5 76.6 69.3 64.2 74.1 61.0
PPV (kW) 45.6 36.0 107.6 36.1 92.6 61.0 106.4 122.6 108.6 160.0
PPV% (%) 19.4 16.7 33.9 15.3 25.6 23.4 30.7 35.8 25.9 39.0
Pn (kW) 235.6 216.0 317.6 236.1 362.6 261.0 346.4 342.6 418.6 410.0
Energy capacity ke (kWh/kW) 2823.0 2613.4 2164.7 2889.8 2707.7 2726.7 2570.8 2468.8 2674.8 2535.5
Total generated power AG (MWh) 665.1 564.5 687.5 683.7 981.8 711.7 890.5 845.8 1119.7 1039.6
Energy fed to heaters AH (MWh) 485.0 437.0 507.0 503.0 8000 529.0 707.0 661.0 934.00 854.0
Required energy ALOAD (MWh) 186.3
SSSI (–) 3.57 3.03 3.69 3.67 5.27 3.82 4.78 4.54 6.01 5.58
Total duration of power outages a year Tsum (h) 437.0 432.7 348.9 349.3 253.3 257.1 165.9 174.1 86.4 87.1
AME (kWh) 120 160 160 170 180 220 230 250 460 470
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Table 8. Comparison of the results of PV-wind hybrid power supply system structure optimization
for lead–acid storage with the current and future (*—five years perspective) prices and parameters
for a 50 kW peak power industrial load with no limit for the power generation system rated power
Pn (for: IESPb = IESLi-Ion = 533.3 €/kWh, MES = 22.2 €/kWh, IESLi-Ion = 426.7 €/kWh, MES = 22.2 €/kW,
IPV = 1359 €/kW, ITW = 1571 €/kW, MPV = 25.3 €/kW, MWT = 11.1 €/kW, NM = 25 years, r = 5%).
Parameter and Unit
Acceptable Duration of Power Putage a Year TsumLIMIT (h) (%)
438.0 (5) 350.4 (4) 262.8 (3) 175.2 (2) 87.6 (1)
Type of Electrochemical Storage
Li-Ion Li-Ion * Li-Ion Li-Ion * Li-Ion Li-Ion * Li-Ion Li-Ion * Li-Ion Li-Ion *
LCOE (€/kWh) 0.35 0.34 0.39 0.37 0.43 0.42 0.53 0.48 0.69 0.61
PWT (kW) 240.0 190.0 250.0 180.0 240.0 240.0 310.0 250.0 260.0 250.0
PWT% (%) 79.6 77.0 76.6 60.2 65.7 67.9 67.2 61.9 52.2 53.3
PPV (kW) 61.4 56.8 76.2 119.1 125.3 113.4 151.1 153.9 238.2 218.9
PPV% (%) 20.4 23.0 23.4 39.8 34.3 32.1 32.8 38.1 47.8 46.7
Pn (kW) 301.4 246.8 326.2 299.1 365.3 353.4 461.1 403.9 498.2 468.9
Energy capacity ke (kWh/kW) 2787.7 2726.9 2716.7 2382.8 2500.1 2543.0 2529.2 2416.4 2223.4 2308.8
Total generated power AG (MWh) 840.2 673.00 886.2 712.7 913.3 898.7 1166.2 976.0 1107.1 1082.6
Energy fed to heaters
AH (MWh)




SSSI (–) 4.02 3.22 4.24 3.41 4.37 4.30 5.58 4.67 5.30 5.18
Total duration of power outages a year Tsum (h) 437.2 437.5 349.9 336.8 261.1 248.2 174.9 173.6 87.3 87.6
AME (kWh) 90 160 110 170 130 170 150 220 330 350
Table 9. Comparison of optimization results (LCOE) of a structure of a PV-wind hybrid power supply
system for a 50 kW peak power communal load and Pb and Li-ion batteries (current parameters and
prices), for the cases of using 10, 20, 30, 40 and 50% of the energy emitted on the heaters during heating
of facilities.
Parameter and Unit
Acceptable Power Outage Duration a Year TsumLIMIT (h) (%)
438 (5) 350.4 (4) 262.8 (3) 175.2 (2) 87.6 (1)
Type of Electrochemical Storage
Pb Li-Ion Pb Li-Ion Pb Li-Ion Pb Li-Ion Pb Li-Ion
LCOE—0% (€/kWh) 0.44 0.35 0.48 0.47 0.56 0.52 0.68 0.54 1.13 0.81
LCOE—10% (€/kWh) 0.31 0.28 0.33 0.34 0.39 0.36 0.44 0.39 0.67 0.54
LCOE—20% (€/kWh) 0.24 0.23 0.25 0.26 0.30 0.28 0.32 0.31 0.47 0.40
LCOE—30% (€/kWh) 0.19 0.19 0.20 0.21 0.24 0.22 0.26 0.25 0.37 0.32
LCOE—40% (€/kWh) 0.16 0.17 0.17 0.18 0.20 0.19 0.21 0.21 0.30 0.27
LCOE—50% (€/kWh) 0.14 0.15 0.15 0.15 0.18 0.16 0.18 0.18 0.25 0.23
Table 10. Comparison of optimization results (LCOE) of a structure of a PV-wind hybrid power supply
system for a 50 kW peak power of industrial load and Pb and Li-Ion batteries (current parameters and
prices) for the cases of using 10%, 20%, 30%, 40% and 50% of the energy emitted on the heaters during
heating of facilities.
Parameter and Unit
Acceptable Power Outage Duration a Year TsumLIMIT (h) (%)
438 (5) 350.4 (4) 262.8 (3) 175.2 (2) 87.6 (1)
Type of Electrochemical Storage
Pb Li-Ion Pb Li-Ion Pb Li-Ion Pb Li-Ion Pb Li-Ion
LCOE—0% (€/kWh) 0.42 0.35 0.49 0.39 0.53 0.43 0.66 0.53 1.00 0.69
LCOE—10% (€/kWh) 0.30 0.27 0.33 0.29 0.36 0.32 0.50 0.36 0.60 0.48
LCOE—20% (€/kWh) 0.24 0.21 0.24 0.23 0.27 0.25 0.36 0.27 0.43 0.37
LCOE—30% (€/kWh) 0.19 0.18 0.19 0.19 0.21 0.21 0.28 0.22 0.33 0.30
LCOE—40% (€/kWh) 0.16 0.15 0.16 0.16 0.18 0.18 0.23 0.18 0.27 0.25
LCOE—50% (€/kWh) 0.14 0.13 0.14 0.14 0.15 0.16 0.19 0.16 0.23 0.22
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Figure 11 shows the changes in the most important parameters of the optimized PV-wind hybrid
systems in the function of time TsumLIMIT% for two types of the analyzed batteries—Pb (deep cycle)
and Li-Ion (NMC) and two load cycles. The presented optimization results apply to the 50-kW load
peak power with no limit for the power generation system peak power Pn.
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The LCOE and energy storage capacities are lower for the industrial load profile than for the
communal profile. It results from the shift in the industrial profile peak demand to the hours around
the noon, which helps to better use the power generated in the PV part (direct load supply).
The capacities of lead-acid batteries determined during the optimization have lower values than
the capacities of lithium-ion batteries obtained for the identical levels of power supply reliability
(time limit TsumLIMIT). Despite of this, the LCOE for lead-acid batteries is higher, which can be attributed
to worse operating parameters, in particular to the acceptable discharge depth, and the maximum
charge and discharge power as compared to lithium-ion batteries.
The rated power Pn (total installed power of the PV and wind part) of the optimized hybrid
systems for lead-acid batteries is higher than for lithium-ion batteries—Figure 11e,f. It results from
the fact that lithium-ion cells are more capable of covering the difference between the required and
generated power (their current limits are lower).
Figure 12 shows the changes in the most important parameters of the optimized PV-wind hybrid
systems in the function of time TsumLIMIT% for two types of the analysed batteries—Pb (deep cycle)
and Li-ion (NMC) and two load cycles. The presented optimization results apply to the 50-kW
load peak power with the power generation system peak power Pn limited to 200 kW. In this case,
the changes in the rated power Pn of the power generation system in the function of time TsumLIMIT%
are not shown in the diagrams.
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lead-acid batteries and on average amounts to 180% (industrial profile) and 120% (communal profile) for
the LCOE, while for lithium-ion batteries it is 80% and 40%, respectively. A similar situation is observed
for battery capacity AES. Its increase for lead-acid batteries is 850% (industrial profile) and 510% for the
communal load, while for lithium-ion batteries it is 420% and 160%, respectively. From the economic
point of view, it means that the optimization of off-line PV-wind hybrid structures should be executed
with no limit for the system rated power Pn. Its inclusion in the optimization makes sense only if the
space intended for the PV and wind system is limited. A reduction in generation power, as compared
to the systems with no limits, results in longer periods in which the power does not satisfy the demand.
Consequently, the algorithm selects higher capacities of the energy storages which help to maintain the
assumed power supply reliability parameters. The changes in the LCOE and in the electrochemical
storage capacity in the function of time TsumLIMIT are of an exponential nature, similar to the variant
with no limits, which is confirmed by the values of determination factors R2 in the <0.98; 0.99> range
(Figure 12).
Figure 13 shows the changes in the most important parameters of the optimized PV-wind
hybrid systems in the function of time TsumLIMIT% for lithium-ion NMC type batteries, for two sets
of engineering and economic parameters (current and future—over a five year perspective) and two
load profiles. The presented results of a hybrid power supply system structure apply to the 50 kW
peak power load and include an optimization variant with no limit for the power generation system.
Rated power Pn, which according to the results given in Tables 3 and 4 helps to achieve lower values
of the quality criterion—LCOE, as compared to the optimization variant with the power generation
system rated power limit (Tables 5 and 6).
The capacities of the lithium-ion batteries in the optimized systems with the parameters
estimated for a five years’ perspective are for both profiles higher than their corresponding battery
capacities determined for the current profiles (Figure 13c,d). It enables better use of excess energy,
i.e., power generated in a low-load period. A reduction in the storage cost by 20% and increasing
their lifespan by over 67% despite of an increase in the storage capacity, helps to reduce the LCOE of
the optimized systems (Figure 13a,b), including the LCOE reduction owing to the reduction in the
quantity of energy generated in the power generation system and fed to the heaters. The values of the
LCOE and energy storage capacity for the optimized systems decrease exponentially in the function
of reliability index TSUMLimit%, for both analyzed load profiles—the current and future (five years’
perspective) ones. At low reliability of the system (TSUMLimit% = 5%), the values of the LCOE for
both sets of parameters (current and future (over a five years period) are similar (Figure 13a,b).
Furthermore, the capacity of energy storages in the function of reliability level TSUMLimit% decreases
faster for the current parameters than for the parameters of lithium-ion storages estimated for a five
years’ perspective.
Figures 14 and 15 show the changes in the LCOE for the optimum systems in the function of time
TsumLIMIT% and percentage of energy quantity fed to the heaters and used for heating or processes,
for two types of batteries (lead-acid and lithium-ion) and two load profiles—Figure 14 for communal
and 12 for industrial. The analyses were carried out only for the optimization variants with no peak
load limits in the power generation system.
The fact that a significant quantity of energy is fed to the heaters is a major drawback of the
studied type of system (off-line), which negatively affects the value of the LCOE. It results from the fact
that even in the optimized PV-wind system with electrochemical storages the quantity of the generated
energy is several times higher than the required energy (the values of SSSI are high—Tables 3 and 4).
The paper revealed that such a state (significant reduction in the LCOE) and be ensured by using some
of the energy for heating. It applies to systems with both lead–acid and lithium-ion batteries. The LCOE
decreases exponentially in the function of energy quantity used for heating or processes—Figures 14
and 15. The decrease is high and amounts to ca. 50% even when 20% of energy fed to the heaters is
consumed. Its intensity depends on the kind of applied batteries and the assumed reliability levels of
electrical energy supplies to the load (TsumLIMIT%).
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Figure 13. Changes in selected parameters of the optimized systems with no limit for power Pn in the
function of time TsumLIMIT% for lithium-ion batteries with the current and future (five years’ perspective)
engineering and economic parameters: the unit cost of generating energy (LCOE) consumed for
supplying a communal load (a) and industrial load (b); energy capacity of a battery pack for a
communal load (c) and industrial load (d); rated power of the power generation system Pn for a
communal load (e) and industrial load (f).
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7. Summary 
A synthesis of highly-effective off-grid hybrid supply systems, which match the load 
characteristics, using volatile sources of renewable energy, especially solar and wind ones, is a 
complex issue, which requires taking into consideration both the engineering and economic aspects. 
The paper shows that one of the possible ways of its fulfilment is using global optimization task with 
the adopted non-technical quality criterion—a unit cost of electrical energy generation (LCOE). 
The authors of the study claim that the major problem in the reference class of synthesis tasks is 
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7. Summary
A synthesis of highly-effective off-grid hybrid supply syst ms, which match the load characteristics,
using volatile sources of renewable energy, specially solar and wind ones, is a complex issu ,
which r quires taking into consideration bot the engineering a d economic spects. The p p r shows
that one of the possible ways of its fulfilment is using global optimization task with the adopted
non-t chnical quality criterion—a unit cost of electrical energy generation (LCOE).
The authors of the study claim that the maj r problem in the reference class of synthesis tasks is to
include in the system model ( ven if they are simplified models) many ele ents such like: enviro mental
parameters, economic factors, and data concerni g the load change in a year. System operation
simulations carried out as part of the optimization reflected the complexity of the parameters and
phenomena affecting the value of the criterion function, and additionally helped to achieve the results
within the acceptable time. In relation to high costs of periodical battery pack replacements, lifespan
models which take into consideration at least their two operating conditions (charge and discharge
currents, discharge depth and operating temperature), are of particular importance.
The LCOE for off-grid systems with energy storages is higher than for on-grid systems, which results
from feeding some of the energy not used by the load to the heaters (losses), in addition to an increased
energy capacity of the storages. The use of the optimization method helps to reduce the excess increase
in the LCOE and to identify the system structure which atches best the geographical location and
nature of the load, and the properties of the employed energy storages. The value of the referenced
cost depends on many engineering and economic parameters, and on the assumed characteristics of
the load supply system. Therefore, the major study results presented and commented on in the paper
apply to two areas:
• the influence of the level of supply reliability of a load with set load characteristics and the level of
excess energy used (e.g., for heating structures), on the changes in LCOE values of the optimized
hybrid structures,
• inclusion of durability models of lead-acid and lithium-ion batteries, and the influence of changes
in the engineering and economic parameters of lithium-ion batteries in a five years’ perspective
on the value of the criterion function (LCOE) and the structure of optimized systems.
The proposed synthesis method of PV-wind hybrid off-line systems leads to limiting the energy
capacity of electrochemical storages, including lead-acid and lithium-ion batteries, which unfortunately
results in high amounts of energy being fed to the heaters. Due to worse parameters, it is particularly
evident for lead-acid batteries. It results from the difficulty to match the power generation (stochastic
power profiles of the PV and wind) with the load demand.
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For the studied power generation systems, the value of the LCOE and energy storage capacity
decreases exponentially in the function of power supply reliability measured with the maximum time
a year when the load operates at the supplied power below the load curve TsumLIMIT%.
Based on the analyses, the authors identified the following recommended methods to improve
(reduce) the value of the criterion index (LCOE) for PV-wind off-grid systems which supply communal
users and minor industrial users:
• partial use of energy fed to the heaters e.g., for facility heating or in processes—a decrease in the
LCOE for lead-acid and lithium-ion batteries amount to ca. 50% already when 20% of energy
fed to the heaters is used. When the energy further increases, the LCOE decreases exponentially,
reaching ca. 30% when half of the energy fed to the heaters is used,
• the use of electrochemical storages with better lifespan parameters—a change in the lithium-ion
batteries lifespan from 3000 to 5000 cycles and a decrease in their prices by 20% as compared to
the current costs, lead to the LCOE reduction from 3% to 13%, whereby the greatest drops are
observed for the most stringent supply reliability limits—TsumLIMIT% = 1%.
In the analyzed types of systems, it can be recommended to use thermoelectrical storage to store
the heat accumulated in the spring-summer season in order to use it in autumn and winter for heating.
Another method suggested by the authors to minimize the LCOE is to use lithium-ion batteries in
the “second-life” cycle, i.e., usually once they have been taken out of service in very strict conditions,
e.g., in the electromobility areas.
The authors plan to carry out further research into the replacement of lithium-ion and lead-acid
batteries with other types of storage, especially thermoelectric and fuel cells. The current prices of
these systems are high, but according to scientists, these technologies may be predominant in the area
of energy storage in the future. Therefore, the methods of optimal selection of their parameters for
cooperation with renewable sources operating within off-grid hybrid generation systems and known
load characteristics are an important direction of research.
Therefore, the authors will begin work on the extension of the hybrid system model with
thermoelectric storages and fuel cells. This will require, apart from modelling electrical processes,
also taking into account thermal processes. This is particularly important in the case of fuel cells,
in which a large amount of heat is released during operation. This heat, in normal operating systems,
is considered a loss. In the case of the proposed system, it is possible to store it in a thermal storage
facility and recover it during periods of increased energy demand. This approach will improve the
overall efficiency of the system.
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Nomenclature
Description of the basic variables used in their calculations.
Variable/
Parameter
Description Source of the Finding
pWT(t), pPV(t) Instantaneous powers of the wind and solar section
Measurements—Prof. K. Markowicz,
University of Warsaw
vw(t) The wind speed
Value range limitations according to
Formula (1)
Iph
Solar current generated at the actual irradiance Gr and
at the PV module surface temperature T
Calculations based on the Formula (3)
pES(t)
Energy storage power (loading—“−” or
releasing—“+”)
Calculations based on the Formulas (5),
(19), (22), (25) and (28)
C(I,T) The battery capacity Calculations based on the Formula (6)
SOC(t) State of charge of the battery pack Calculations based on the Formula (11)
DOC(t) Depth of charge during discharging or charging Calculations based on the Formula (12)
EFC
The lead-acid battery lifespan, the equivalent number
of cycles (EFC), after which the battery should be
changed
Calculations based on the Formulas (13)
and (14)
pG(t)
Power transferred to the load from the generating
system
Calculations based on the Formula (15)
pLOAD(t) The load power
The load characteristics of the analyzed
load type—own measurements
co-authors of the paper
PWTn, PPVn
The rated power of the wind turbines and the
photovoltaic modules
The value determined based on the
result of the optimization
pLESS(t) The excess power (losses) transferred to the heaters
Calculations based on the Formulas
(15)–(30)
Gr
Irradiance profile for a year’s period and actual
irradiance on the PV cell surface
Representation of the geographical
conditions in the location of the
analyzed object
T The PV module surface temperature
It was determined taking into account
ambient temperature Ta (obtained from
the public data of the Institute of
Meteorology of Water Management)
and the measurements of wind speed vw
synchronized with the measured values
of irradiance Gr according to the
relationship (4)
∆P
The difference between the required demand (P(i)LOAD)
and the generated power (P(i)G )
Calculations based on the Formula (18)
PLOSS Power fed to the heaters
Calculations based on the Formulas (20)
and (23)
LCOE Levelized cost of energy
Calculations based on the Formulas
(31)–(33)
g
Vector of inequality constraints of a structural and
functional character
Calculations based on the Formula (34)
SSSI System self-sufficiency index Calculations based on the Formula (38)
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41. Burzyński, D.; Kasprzyk, L. Analysis of the potential use of lithium-ion energy storage in the home charging
station for electric cars. In Proceedings of the 2nd International Conference on the Sustainable Energy
and Environmental Development, Krakow, Poland, 14–17 November 2017; IOP Conf. Series: Earth and
Environmental Science. 214.
42. Kasprzyk, L. Wybrane zagadnienia modelowania ogniw elektrochemicznych i superkondensatorów w
pojazdach elektrycznych. Pozn. Univ. Technol. Acad. J. Electr. Eng. 2019, 101, 1–55. [CrossRef]
43. Schmalstieg, J.; Käbitz, S.; Ecker, M.; Sauer, D.U. A holistic aging model for Li(NiMnCo)O2 based 18650
lithium-ion batteries. J. Power Sources 2014, 257, 325–3334. [CrossRef]
Energies 2020, 13, 6143 31 of 31
44. Jarmuda, T. Optymalizacja Struktury Hybrydowego Systemu Zasilania Typu Słoneczno-Wiatrowego.
Ph.D. Thesis, Poznan University of Technology, Poznan, Poland, 2019.
45. Omar, N.; Monem, M.A.; Firouz, Y.; Salminen, J.; Smekens, J.; Hegazy, O.; Gaulous, H.; Mulder, G.; Van den
Bossche, P.; Coosemans, T.; et al. Lithium iron phosphate based battery–assessment of the aging parameters
and development of cycle life model. Appl. Energy 2014, 113, 1575–1585. [CrossRef]
46. Waag, W.; Fleischer, C.; Sauer, D.U. Critical review of the methods for monitoring of lithium-ion batteries in
electric and hybrid vehicles. J. Power Sources 2014, 258, 321–339. [CrossRef]
47. Bilal, B.O.; Sambou, V.; Kébé, C.M.; Ndiaye, P.A.; Ndongo, M. Methodology to Size an Optimal
Stand-Alone PV/wind/diesel/battery System Minimizing the Levelized cost of Energy and the CO2 Emissions.
Energy Procedia 2012, 14, 1636–1647. [CrossRef]
48. Nissen, U.; Harfst, N. Shortcomings of the traditional “levelized cost of energy”[LCOE] for the determination
of grid parity. Energy 2019, 171, 1009–1016. [CrossRef]
49. Tabak, A.; Kayabasi, E.; Guneser, M.T.; Ozkaymak, M. Grey wolf optimization for optimum sizing
and controlling of a PV/WT/BM hybrid energy system considering TNPC, LPSP, and LCOE concepts.
Energy Sources Part A Recovery Util. Environ. Eff. 2019, 42, 1–21. [CrossRef]
50. Cirés, E.; Marcos, J.; de la Parra, I.; García, M.; Marroyo, L. The potential of forecasting in reducing the LCOE
in PV plants under ramp-rate restrictions. Energy 2019, 188, 116053. [CrossRef]
51. Xiaoting, W.; Barnett, A. The evolving value of photovoltaic module efficiency. Appl. Sci. 2019, 9, 1227.
[CrossRef]
52. Garcia-Sanz, M. A Metric Space with LCOE Isolines for Research Guidance in wind and hydrokinetic energy
systems. Wind Energy 2020, 23, 291–311. [CrossRef]
53. Pfaffel, S.; Faulstich, S.; Rohrig, K. Performance and reliability of wind turbines: A review. Energy 2017,
10, 1904. [CrossRef]
54. Lombardi, P.; Arendarski, B.; Menke, N.; Hoepfner, A.; Komarnicki, P.; Liserre, M. Net-Zero Residential
Energy System Planning Tool. In Proceedings of the CIGRE Chengdu 2019 Symposium, Chengdu, China,
20–26 September 2019; pp. 28–36.
55. Goldberg, D.E. Genetic Algorithms in Search, Optimization & Machine Learning; Addison-Wesley: Boston, MA,
USA, 1989.
56. Jajczyk, J. Use of Personal Computers with Multi-core Processors for Optimisation Using the Genetic
Algorithm Method. In Proceedings of the 17th International Conference on Computational Problems of
Electrical Engineering (CPEE 2016), Sandomierz, Poland, 14–17 September 2016; ISBN 978-1-5090-2800-9.
[CrossRef]
57. MathWorks. Available online: www.mathworks.com (accessed on 31 June 2020).
Publisher’s Note: MDPI stays neutral with regard to jurisdictional claims in published maps and institutional
affiliations.
© 2020 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
article distributed under the terms and conditions of the Creative Commons Attribution
(CC BY) license (http://creativecommons.org/licenses/by/4.0/).
